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CO-CLUSTERING OBJECTS OF 
HETEROGENEOUS TYPES 

BACKGROUND 

0001. In many applications, it can be very useful to 
identify groups or clusters of objects such that objects in the 
same cluster are similar while objects in different clusters are 
dissimilar. Such identification of groups is referred to as 
“clustering.” Clustering has been used extensively to iden 
tify similar web-based objects. Web-based objects may 
include web pages, images, Scientific articles, queries, 
authors, news reports, and so on. For example, when a 
collection of images is identified by a image search engine, 
the search engine may want to identify clusters of related 
images. The search engine may use various well-known 
algorithms including K-means, maximum likelihood esti 
mation, spectral clustering, and so on. These algorithms 
generate clusters of homogeneous objects, that is, objects of 
the same type (e.g., generate clusters of images only or 
clusters of web pages only). 
0002 Recently, attempts have been made to cluster 
highly interrelated heterogeneous objects such as images 
and their Surrounding text, documents and terms, customers 
and their purchased items, and so on. The goal of hetero 
geneous clustering is to identify clusters that contain related 
objects of two types. The use of homogeneous clustering on 
objects of each type separately may not be an acceptable 
basis for not heterogeneous clustering because the similari 
ties among one type of objects sometimes can only be 
defined by the other type of objects. One attempt at co 
clustering objects of two types tries to extend traditional 
spectral clustering algorithms using a bipartite spectral 
graph clustering algorithm to co-cluster documents and 
terms simultaneously. A similar attempt has been made at 
co-clustering heterogeneous objects in the field of biology 
and image processing. Some attempts have been made at 
high-order co-clustering, that is, co-clustering objects of 
more than two data types. However, Such attempts have not 
used in an effective objective function nor is there sufficient 
evidence of the effectiveness of the iterative algorithms used 
by these attempts. 

SUMMARY 

0003. A method and system for high-order co-clustering 
of objects of heterogeneous types using multiple bipartite 
graphs is provided. A clustering system represents relation 
ships between objects of a first type and objects of a third 
type as a first bipartite graph and relationships between 
objects of a second type and objects of the third type as a 
second bipartite graph. The objects are represented as ver 
tices, and the relationships are represented as edges of the 
bipartite graphs. The clustering system represents the first 
bipartite graph as a matrix with rows representing objects of 
the first type and columns representing objects of the third 
type and the second bipartite graph as a matrix with rows 
representing objects of the second type and columns repre 
senting objects of the third type. The elements of the 
matrices represent the weights of the relationship between 
the objects. The clustering system defines an objective 
function that specifies an objective of the clustering process 
that combines an objective for the first bipartite graph and an 
objective for the second bipartite graph. The clustering 
system solves the objective function and then applies a 
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clustering algorithm such as the K-means algorithm to the 
Solution to identify the clusters of heterogeneous objects. 
0004 The clustering system may solve the objective 
function by transforming the objective function to a semi 
definite programming problem. The clustering system con 
verts what would be a Sum-of-ratios quadratic fractional 
programming problem to a quadratically constrained qua 
dratic programming problem by simplifying the objective 
function. The simplified objective function is a quadratically 
constrained quadratic programming problem since all the 
constraints are convex and certain diagonal matrices are 
positive semi-definite. The clustering system then casts the 
quadratically constrained quadratic programming problem 
as a semi-definite programming problem by relaxing further 
constraints. The clustering system then uses one of a variety 
of algorithms for solving the semi-definite programming 
problem. The clustering system then applies a clustering 
algorithm such as a K-means algorithm to the Solution to 
identify clusters of heterogeneous objects. 
0005. This Summary is provided to introduce a selection 
of concepts in a simplified form that are further described 
below in the Detailed Description. This Summary is not 
intended to identify key features or essential features of the 
claimed Subject matter, nor is it intended to be used as an aid 
in determining the scope of the claimed Subject matter. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0006 FIG. 1 is a diagram representing a tripartite graph 
illustrating relationships between low-level features, 
images, and text. 
0007 FIG. 2 illustrates the transforming of a tripartite 
graph into two bipartite graphs. 
0008 FIG. 3 is a block diagram illustrating components 
of the clustering system in one embodiment. 
0009 FIG. 4 is a flow diagram illustrating processing of 
the CBGC component of the clustering system in one 
embodiment. 

0010 FIG. 5 is a flow diagram that illustrates the pro 
cessing of the form Laplacian matrices component of the 
clustering system in one embodiment. 
0011 FIG. 6 is a flow diagram that illustrates the pro 
cessing of the CBGC by SDP component of the clustering 
system in one embodiment. 
0012 FIGS. 7 is a flow diagram that illustrates the 
processing of the generate extended matrices component of 
the clustering system in one embodiment. 

DETAILED DESCRIPTION 

0013 A method and system for high-order co-clustering 
of objects of heterogeneous types using multiple bipartite 
graphs is provided. In one embodiment, a clustering system 
represents relationships between objects of a first type and 
objects of a third type as a first bipartite graph and relation 
ships between objects of a second type and objects of the 
third type as a second bipartite graph. The objects are 
represented as Vertices, and the relationships are represented 
as edges of the bipartite graphs. For example, the third type 
of object may be an image, the first type of object may be 
a feature vector of visual features of the image, and the 
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second type of object may be text Surrounding the image on 
a web page. The clustering system represents the first 
bipartite graph as a matrix with rows representing objects of 
the first type and columns representing objects of the third 
type and the second bipartite graph as a matrix with rows 
representing objects of the second type and columns repre 
senting objects of the third type. The elements of the 
matrices represent the weights of the relationship between 
the objects. For example, an element of a matrix that maps 
documents to terms may contain the number of occurrences 
of the term within the documents. The clustering system thus 
transforms the high-order co-clustering to multiple pair-wise 
co-clusterings with the bipartite graphs. The clustering sys 
tem defines an objective function that specifies an objective 
of the clustering process that combines an objective for the 
first bipartite graph and an objective for the second bipartite 
graph. In one embodiment, the objective function is cut 
based based in that it specifies the objective in terms of the 
cut between the vertices of one cluster and the vertices of 
another cluster. One objective function would be to mini 
mize the cut, that is, ensure that the relationships represented 
by the edges that are cut are minimized. Another objective 
function, referred to as “ratio cut, balances cluster sizes, 
and another objective function, referred to as “normalized 
cut.” balances the cluster weights. In one embodiment, the 
clustering system uses a normalized cut objective function. 
The clustering system solves the objective function and then 
applies a clustering algorithm such as the K-means algo 
rithm to the solution to identify the clusters of heterogeneous 
objects. The clustering system thus provides consistent 
bipartite graph co-partitioning. 
0014. In one embodiment, the clustering system solves 
the objective function by transforming the objective function 
to a semi-definite programming problem. The clustering 
system converts what would be a Sum-of-ratios quadratic 
fractional programming problem to a quadratically con 
strained quadratic programming problem by simplifying the 
objective function. The simplified objective function is a 
quadratically constrained quadratic programming problem 
since all the constraints are convex and certain diagonal 
matrices are positive semi-definite. A positive semi-definite 
matrix is a square matrix with eigenvalues that are all 
non-negative and in which the matrix and its conjugate 
transpose are equal. The clustering system then casts the 
quadratically constrained quadratic programming problem 
as a semi-definite programming problem by relaxing further 
constraints. The clustering system then uses one of a variety 
of algorithms for solving the semi-definite programming 
problem. For example, the clustering system may use an 
interior-point method SDPA as described in Fujisawa, K., 
Fukuda, M., Kojima, M., and Nakata, K., “Numerical Evalu 
ation of SDPA (Semidefinite Programming Algorithm). 
High Performance Optimization, Kluwer Academic Press, 
267-301, 2000. The clustering system then applies a clus 
tering algorithm Such as a K-means algorithm to the Solution 
to identify clusters of heterogeneous objects. 
0015. A normalized cut objective function is described in 
Shi, J. and Malik, J., “Normalized Cuts and Image Segmen 
tation.” IEEE Transactions on Pattern Analysis and Machine 
Intelligence, Vol. 22, No. 8, August 2000, which is hereby 
incorporated by reference. A normalized cut objective func 
tion is based on a disassociation measure that indicates that 
the cut cost is a fraction of the total edge connections to all 
the vertices in the graph and based on a normalized asso 
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ciation measure within a cluster that indicates how tightly 
the vertices of a cluster are connected. The normalized cut 
objective function can be represented as follows: 

qLa (1) 
min D, 
s.t. g. De = 0, g + 0 

where G=(V, E) represents a graph G with vertices V and 
edges E, the weights of the relationships are represented as: 

Eji, if < i, j >e E (2) 
M = 0, otherwise 

D is a diagonal matrix represented as: 
D=XE, (3) 

L is a Laplacian matrix represented as: 
L=D-M, (4) 

e is a column vector with all its elements equal to 1. q is a 
column vector with an element for each object with q=c 
when i is an object in one cluster and q=-c when i is an 
object in a second cluster and c and care constants derived 
from D. The equation is subject to ("s.t.) the constraints as 
indicated. By relaxing the constraint of discrete values to 
continuous values, the Solution for Equation 1 is the eigen 
vector corresponding to the second smallest eigenvaluew of 
the generalized eigenvalue problem as represented by the 
following: 

0016 FIG. 1 is a diagram representing a tripartite graph 
illustrating relationships between low-level features, 
images, and text, which are an example of different object 
types. The squares, circles, and diamonds represent low 
level features F={f, f, . . . . f. images H={h h . . . . 
h, and terms in surrounding texts W={w, w, . . . . w. 
respectively. The weight of an edge between low-level 
feature i and image equals the value of low-level feature i 
in image j, while the weight of an edge between image and 
term k equals the frequency of term k in the Surrounding text 
of image j. 
0017 FIG. 2 illustrates the transforming of a tripartite 
graph into two bipartite graphs. The clustering system 
divides this tripartite graph into two bipartite graphs, which 
share the base objects of images. The clustering system thus 
transforms the original problem to the fusion of the pair-wise 
co-clustering problems over these two bipartite graphs. The 
clustering system attempts to find two clusters of images that 
provide a globally optimal Solution to an objective function, 
that is, a combination of objective functions for each bipar 
tite graph. Because the clustering system finds a globally 
optimal solution, the Solution may not be locally optimal for 
each of the bipartite graphs individually. This clustering 
process is referred to as consistent bipartite graph co 
partitioning (“CBGC). 
0018. In one embodiment, the clustering system bi-par 
titions the two bipartite graphs so that the three types objects 
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are simultaneously clustered into two groups. In the follow 
ing, f, h, and w represent column vectors of m, n, and t 
dimensions for visual features, images, and terms, respec 
tively. The vectors of the bipartite graphs are represented as: 

A is a matrix representing the first bipartite graph and a is 
element i of A, and B is a matrix representing the second 
bipartite graph and b is element ij of B, D' is a diagonal 
matrix represented as 

D'l-Saik, (7) 
D''') is a diagonal matrix represented as 

D'''.i-Sibi, (8) 
L' is a Laplacian matrix represented as 

L=D-A, (9) 

and L'' is a Laplacian matrix represented as 
Low-D-B. (10) 

The clustering system models a co-partitioning problem 
with multiple objective functions subject to constraints as 
represented by the following: 

g Lig (11) 
min, DF, 

s.t. (i) g De = 0, q + () 
(ii)p De = 0, p + () 

The clustering system models the consistent co-partitioning 
problem by linearly combining the multiple local objective 
functions into a global objective function Subject to con 
straints as follows: 

T (f) T(w) (12) g L'g p'L"p 
mineff, + (1-6), Do, 
s.t. (i) g De = 0, q + () 

(ii) p'De = 0, p + () 

(iii) () < f3< 1 

where B is a weighting parameter indicating the relative 
weight to be given the relationships of the bipartite graphs. 

0019. To solve the combined objective function, the 
clustering system sets (t)=(f, h, w) to be a vector represent 
ing the combination of features, images, and terms S=m+n+t 
dimensions. The clustering system then extends matrices 
L., L, D, and D'Y' to adopt the dimension of () as 
follows: 

T 
L.f.) O O O (13) 

T2 = | 2 
SXS SXS 
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e ) O (14) II1 = , I2 = (w) 
O O SXS O D SXS 

The objective function can be written subject to constraints 
as follows: 

coco 1 coI2a) (15) 
f, TII, + ( - f).T.I., 

s.t. (i) (of II e = 0 
(ii) colle = 0 
(iii) () + 0, 0 < 3< 1 

This equation represents a Sum-of-ratios quadratic fractional 
programming problem, which is hard and complicated to 
solve although there have been some branch-and-bound 
algorithms. To avoid solving this fractional programming 
problem, the clustering system uses spectral clustering to 
simplify the objective function by fixing the values of the 
denominators in Equation 15 to e"IIe and e"II.e., respec 
tively. The objective function subject to constraints can then 
be rewritten as follows: 

min co"To 

s.t. (i) co"II ()=e"IIe 
(ii) co"II.20)=e"Ile 
(iii) co"IIe=0 
(iv) (o'ILe=0 (16) 

where 

f3 1 - B (17) 
T = TIT -- TIT2. () < f3 < 1 

0020. The optimization problem of Equation 16 is a 
quadratically constrained quadratic programming 
(“OCQP) problem since all the constraints are convex and 
matrices II and II are both positive semi-definite. A convex 
QCQP problem can be cast in the form of a semi-definite 
programming problem (“SDP) to reduce the computational 
complexity of finding a solution. SDP is an optimization 
problem with a form as follows: 

min CW 

s.t. (i) ADW =bi, i=1,..., k 
(ii) W is positive semi-definite (18) 

where C is a symmetric coefficient matrix and W is a 
symmetric parameter matrix: A (and b), i=1,. . . . . k are 
coefficient matrices (and vectors) for the constraints; and the 
matrix inner-product is defined as: 

COW =XC, W, (19) 
i,j 
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0021. The clustering system reformulates this QCOP 
problem as an SDP problem by relaxing the product terms 
w;w, to an element S2 of a symmetric matrix S2: 

O , (20) 

IIe 12 O (iii., " - 

0022. Since the SDP relaxation of a QCQP problem may 
produce an approximation to the original problem with a 
good error bound, the clustering system relaxes the con 
straints of S2=w.w, with the objective function as follows: 

in," "w (21) minuo | 

-e IIe () w=0 O III 

O e 

(viii) W is positive semi-definite 

where E is a matrix block with all the elements equal to one, 
the constraint (V) ensures that W=1, and the constraints 
(vi) and (vii) are bound controllers with some constants 0. 
and 0. 
0023 The objective function of Equation 21 represents a 
standard SDP problem. The first column of W (except W.) 
can be regarded as the representation of (). The objective 
function can be solved using various iterative algorithms 
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such as an interior-point method SDPA to identify (). The 
clustering system can then use various clustering techniques 
of () to identify the clusters. 
0024. The clustering system can be adapted to perform 
co-clustering for more than three different types of hetero 
geneous objects. If k different types of objects are to be 
co-clustered, then the k-partite graph can be divided into k-1 
bipartite graphs. The clustering system represents the objec 
tive function as the following: 

k-l (22) 

s.t.(i) a De = 0, qi + 0, i = 1,..., k - 1 

where qi, i=1,. . . . k-1 are indicating vectors for the local 
bipartite graphs. The clustering system can transform Equa 
tion 22 to a QCQP problem that is solved as a SDP problem. 
0025 FIG. 3 is a block diagram illustrating components 
of the clustering system in one embodiment. The clustering 
system 300 includes object relationships stores such as 
images/features store 311 and images/terms store 312. Each 
object relationships store indicates the relationship between 
objects of a base object type (e.g., images) and objects of 
another object type (e.g., features). The object relationships 
stores may be generated by various components (not illus 
trated) Such as an image crawler that crawls the web for 
images and Surrounding text. The image crawler then iden 
tifies low-level features of the images and stores the infor 
mation in the images/features store. The image crawler may 
count the number of occurrences of terms of the Surrounding 
text and store the number as weights in the images/terms 
store. The clustering system also includes a consistent 
bipartite graph co-partitioning component 321, a consistent 
bipartite graph co-partitioning by semi-definite program 
ming component 322, a form Laplacian matrices component 
323, and a generate extended matrices component 324. The 
CBGC component identifies clusters by solving the objec 
tive function of Equation 12. The CBGC by SDP component 
identifies clusters by solving the objective function of Equa 
tion 16 represented as a semi-definite programming prob 
lem. The form Laplacian matrices component is invoked to 
generate the Laplacian matrices for the bipartite graphs of 
object relationships. The generate extended matrices com 
ponent is invoked to generate the extended matrices for 
reformulation of the objective function to an SDP problem. 

0026. The computing devices on which the clustering 
system may be implemented may include a central process 
ing unit, memory, input devices (e.g., keyboard and pointing 
devices), output devices (e.g., display devices), and storage 
devices (e.g., disk drives). The memory and storage devices 
are computer-readable media that may contain instructions 
that implement the clustering system. In addition, the data 
structures and message structures may be stored or trans 
mitted via a data transmission medium, Such as a signal on 
a communications link. Various communications links may 
be used. Such as the Internet, a local area network, a wide 
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area network, or a point-to-point dial-up connection to 
connect the clustering system to other devices (e.g., web 
servers). 
0027. The clustering system may be used in various 
operating environments that include personal computers, 
server computers, hand-held or laptop devices, multiproces 
Sor systems, microprocessor-based systems, programmable 
consumer electronics, network PCs, minicomputers, main 
frame computers, distributed computing environments that 
include any of the above systems or devices, and the like. 
0028. The system may be described in the general context 
of computer-executable instructions, such as program mod 
ules, executed by one or more computers or other devices. 
Generally, program modules include routines, programs, 
objects, components, data structures, and so on that perform 
particular tasks or implement particular abstract data types. 
Typically, the functionality of the program modules may be 
combined or distributed as desired in various embodiments. 

0029 FIG. 4 is a flow diagram illustrating processing of 
the CBGC component of the clustering system in one 
embodiment. The component is passed information of the 
object relationships stores. In block 401, the component 
generates the matrix A representing the relationship between 
objects of a base object type (e.g., images) and objects of 
another object type (e.g., features). In block 402, the com 
ponent generates the matrix B representing the relationship 
between objects of a base object type and objects of another 
object type (e.g., terms). In block 403, the component 
retrieves the weight for linearly combining the local objec 
tive functions. In block 404, the component invokes the 
form Laplacian matrices component to form the matrices D 
and L for matrices A and B. In block 405, the component 
solves Equation 12. In block 406, the component identifies 
the clusters based on the solution to the equation. The 
component then completes. 

0030 FIG. 5 is a flow diagram that illustrates the pro 
cessing of the form Laplacian matrices component of the 
clustering system in one embodiment. The component is 
passed matrices A and B. In block 501, the component forms 
the diagonal matrix A as defined by Equation 3. In block 
502, the component forms the diagonal matrix for matrix B 
as defined by Equation 3. In block 503, the component forms 
the Laplacian matrix for matrix A as defined by Equation 4. 
In block 504, the component forms the Laplacian matrix for 
matrix B as defined by Equation 4. The component then 
returns. 

0031 FIG. 6 is a flow diagram that illustrates the pro 
cessing of the CBGC by SDP component of the clustering 
system in one embodiment. The component is passed the 
information of the object relationships stores. In block 601, 
the component retrieves a weight for linearly combining the 
local objective functions and parameters for the SDP prob 
lem. In block 602, the component invokes the form Lapla 
cian matrices component. The invoked component generates 
the diagonal matrices and Laplacian matrices D, D, L, 
and L for the relationship matrices A and B. In block 603, 
the component invokes the generate extended matrices com 
ponent. The invoked component extends matrices D, D, 
L', and L to matrices II, II, T, and T, and forms T, 
as defined by Equations 13 and 14. In block 604, the 
component solves Equation 16 using the interior-point 
method SDP. In block 605, the component extracts the 
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vector (). In block 606, the component performs a K-means 
clustering on the vector. The component then completes. 
0032 FIGS. 7 is a flow diagram that illustrates the 
processing of the generate extended matrices component of 
the clustering system in one embodiment. In blocks 701 
702, the component generates the extended matrices for the 
Laplacian transforms. In blocks 703-704, the component 
generates the extended matrices for the diagonals. The 
component then returns. 
0033 Although the subject matter has been described in 
language specific to structural features and/or methodologi 
cal acts, it is to be understood that the subject matter defined 
in the appended claims is not necessarily limited to the 
specific features or acts described above. Rather, the specific 
features and acts described above are disclosed as example 
forms of implementing the claims. Accordingly, the inven 
tion is not limited except as by the appended claims. 
I/We claim: 

1. A system for co-clustering objects of heterogeneous 
types, comprising: 

a component that represents relationships between objects 
of a first type and objects of a third type as a first 
bipartite graph; 

a component that represents relationships between objects 
of a second type and objects of the third type as a 
second bipartite graph; 

a component that provides a cut-based objective function 
representing relationships across cuts for both the first 
bipartite graph and the second bipartite graph; 

a component that finds a solution to the cut-based objec 
tive function; and 

a component that identifies clusters of objects from the 
solution to the objective function. 

2. The system of claim 1 wherein the cut-based objective 
function is a normalized cut objective function. 

3. The system of claim 1 where the cut-based objective 
function is represented as: 

T. (2) T (1) q L'''g p' L-p 
mine + (1-6,72, 
s.t.(i) g De = 0, q + () 
(ii) p. D'e = 0, p + () 

(iii) () < f3 < 1 

where A is a matrix representing the first bipartite graph and 
at is element i and j of A, B is a matrix representing the 1. 

second bipartite graph and b, is element i and jof B. DC) is 
a diagonal matrix represented as 

D'i-Xaik, 
D'’ is a diagonal matrix represented as 

D’i-X bik, 
L' is a Laplacian matrix represented as 

L=D-A, 
L is a Laplacian matrix represented as 
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e is a column vector with all its elements equal to 1. q is 
a column vector with q=c when i is an object in one 
cluster and q=-c when i is an object in a second 
cluster, p=c when i is an object in one cluster and 
p=-c when i is an object in a second cluster, and B 
represents a weight of the relationships of the first 
bipartite graph and the second bipartite graph. 

4. The system of claim 3 wherein the cut-based objective 
function is solved using semi-definite programming. 

5. The system of claim 1 wherein vertices of the graphs 
represent objects and edges represent relationships between 
objects. 

6. The system of claim 1 wherein the cut-based objective 
function is solved using semi-definite programming. 

7. The system of claim 1 wherein the types of objects 
include images, visual features, and Surrounding text. 

8. The system of claim 1 wherein the types of objects 
include users, queries, and search results. 

9. The system of claim 1 wherein the types of objects 
include documents, authors, and keywords. 

10. The system of claim 1 including representing rela 
tionships between objects of the third type and objects of 
other types using bipartite graphs and extending the cut 
based objective function to encompass the additional bipar 
tite graphs. 

11. A system for Solving an objective function for con 
sistent bipartite graph co-partitioning, comprising: 

a component that provides object matrices, each repre 
Senting a bipartite graph representing relationships 
between objects of different types where vertices rep 
resent objects and edges represent relationships; 

a component that generates diagonal and Laplacian matri 
ces for the object matrices; 

a component that generates extended matrices based on 
the diagonal and Laplacian matrices; 

a component that solves a cut-based objective function 
represents relationships across cuts for each of the 
bipartite graphs using the extended matrices using 
semi-definite programming; and 

a component that identifies clusters of objects from the 
Solution. 

12. The system of claim 11 wherein the objective function 
is represented as: 

?co Tico 1 co' T2 (d 
f, TII, + ( - F), TT, 

s.t.(i) colle = 0 
(ii) colle = 0 
(iii) () + 0, 0 < 8 - 1 

where 

LI) () O O 
T = T2 = ". 2 

SXS SXS 

| O I2 = (2) 
O O SXS O D SXS 

where A is a matrix representing the first bipartite graph and 
a; is element i and j of A, B is a matrix representing the 

III 
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second bipartite graph and b, is element i and j of B, D, is 
a diagonal matrix represented as 

D'=Xa. 
D'’ is a diagonal matrix represented as 

D'i-Sibi, 
L' is a Laplacian matrix represented as 

L=D-A, 

L’ is a Laplacian matrix represented as 
L?)-D-B, 

e is a column vector with all its elements equal to 1. q is 
a column vector with q=c when i is an object in one 
cluster and q=-c when i is an object in a second 
cluster, p=c when i is an object in one cluster and 
p=-c., when i is an object in a second cluster, and B 
represents a weight of the relationships of the first 
bipartite graph and the second bipartite graph. 

13. The system of claim 12 wherein the component that 
solves the cut-based objective function does so by reformu 
lating a quadratically constrained quadratic programming 
problem into a semi-definite programming problem. 

14. The system of claim 13 wherein the reformulating 
includes relaxing the product terms w, w, to an element S2 of 
a symmetric matrix S2. 

15. The system of claim 14 wherein the semi-definite 
programming problem is represented as follows: 

O III Co () 

re (ii) = 0 
O II2 co 

O TIf 2. 1 (of (iii) e IIf (t |- 
Ile f2 O Go O. 

O II- f2 1 a (i), "' -o IIe f2 O Go O. 

16. The system of claim 15 wherein approximating the 
semi-definite programming problems by relaxing the con 
straint of S2=w,w is represented as: 

O O re (iii) ... W 
IIIe 12 O 
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-continued 
O T 

(iv) 8 "w - IIe 12 O 

1 O W = (v) 

O e W = 8 (vi) F Gl 

O e (vii) W = 0, 8 

(viii) W is positive semi-definite 

where E is a matrix block with all the elements equal to one 
the constraint (V) ensures that W=1, and the constraints 
(vi) and (vii) are bound controllers with some constants 0. 
and 0. 

17. The system of claim 11 wherein the types of objects 
include images, visual features, and Surrounding text. 
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18. The system of claim 11 wherein the types of objects 
include users, queries, and search results. 

19. A computer-readable medium containing instructions 
for controlling a computing device to co-cluster objects of 
heterogeneous types, by a method comprising: 

representing relationships between objects of a first type 
and objects of a third type as a first bipartite graph; 

representing relationships between objects of a second 
type and objects of the third type as a second bipartite 
graph; 

providing a cut-based objective function representing 
relationships across cuts for both the first bipartite 
graph and the second bipartite graph; 

Solving the cut-based objective function using semi-defi 
nite programming; and 

identifying clusters of objects from the solution to the 
objective function. 

20. The computer-readable medium of claim 19 wherein 
the cut-based objective function is a normalized cut objec 
tive function. 


